We identified specific amino acid propensities at the interfaces of antigen -antibody interactions in nonredundant qualified antigen -antibody complex structures from Protein Data Bank. Propensities were expressed by the frequency of each of the 20 3 20 standard amino acid pairs that appeared at the interfaces of the complexes and were named the antibody-specific epitope propensity (ASEP) index. Using this index, we developed a novel method of predicting epitope residues for individual antibodies by narrowing down candidate epitope residues which was predicted by the conventional method. The 74 benchmarked antigens were used in ASEP prediction. The efficiency of this method was assessed using the leave-one-out approach. On elimination of residues with ASEP indices in the lowest 10% of all measured, true positives were enriched for 49 antigens. On subsequent elimination of residues with ASEP indices in the lowest 50%, true positives were enriched for 40 of the 74 antigens assessed. The ASEP index is the first benchmark proposed to predict epitope residues for an individual antibody. Used in combination with mutation experiments, this index has the potential to markedly increase the success ratio of epitope analysis.
Introduction
The coming years should see the development of a great number of antibody drugs. To ensure that an antibody possesses the targeted potency and efficacy, the drug must have sufficient affinity for the antigen and be able to recognize the appropriate epitope. Although epitope analysis of antibodies is thus an important step in the development of antibody drugs, such as in the rational design of antibodies for affinity maturation, current approaches to this analysis are far from satisfactory.
The two methods of epitope analysis now available are the peptide-based (Frank, 2002; Bublil et al., 2007; Huang et al., 2008) and the mutation-based approaches (Lu et al., 2001; Hu et al., 2008; Zou et al., 2008) . In the peptide-based approach, epitope prediction is based on the SPOT-synthesis technique (Frank, 2002) and requires peptides 10 residues long, obtained by cleaving the complete antigen sequence. The epitope itself is composed of several epitope residues, and if a peptide competitively blocks the antigen -antibody interaction, the sequence is considered to contain epitope residues. Epitope prediction based on mimotopes (Bublil et al., 2007; Huang et al., 2008) is performed by selecting from a set of affinity-isolated peptides obtained by screening phage-display peptide libraries with the antibody of interest. These mimotopes are considered as functional epitope mimics. Discontinuous epitopes are observed much more frequently than continuous epitopes, however, and the peptidebased approach is less effective at discerning discontinuous than continuous epitopes. Further, given that peptide fragments are too flexible to construct a real tertiary structure for an antigen, this approach is not always effective, even for continuous linear epitopes.
The mutation-based approach requires the construction of many proteins by mutating residues into other amino acids. If the mutant subsequently loses affinity for the antibody, the position is proven to be an epitope residue. Although this approach is more responsive to discontinuous epitopes, however, expression and purification of the multiple mutant proteins is extremely costly and requires significant effort. In addition, for practical purposes, the positions to be mutated must be narrowed down, requiring even further preparation and analysis.
Many sophisticated methods of epitope prediction have been developed (Hopp and Woods, 1981; Pellequer et al., 1991; Alix, 1999; Odorico and Pellequer, 2003; Haste Andersen et al., 2006; Larsen et al., 2006; Söllner and Mayer, 2006) . Although these have sufficient efficacy for the prediction of epitopes for general antibodies, they are less effective when required to identify the epitope of a particular antibody of interest. One reason for this may be that they assume the likelihood of epitope residues for general antibodies, whereas an individual antibody is able to accurately and efficiently recognize its corresponding epitope. To achieve such highly specific recognition, the characteristics of the interaction between an epitope and an antigen-binding site of an antibody must be well formulated.
In contrast, prediction of a paratope, an antigen-binding site, is comparatively easy. Paratopes are basically comprised of the solvent-exposed residues of the six complementaritydetermining regions (CDRs), mainly CDR-H3. Given the relative ease of identifying these antigen-binding sites, prediction of antibody-specific epitope residues based on the specific characteristics of the paratope of an individual antibody would facilitate mutation analysis as well as the rational design of antibodies. Recent progress with X-ray crystallography has generated large numbers of protein structures complexed with other proteins, peptides and small compounds. We recently developed a method for predicting binding sites on protein surfaces for drug-like compounds on the basis of the specific amino acid composition observed at the ligand-binding sites of ligand -protein complexes, as determined by X-ray analysis (Soga et al., 2007a,b) . A profile describing the propensity of each of the 20 standard amino acids at the binding sites of the drug-like molecules was obtained for high-quality complex structures and used to define the propensity for ligand binding (PLB). The PLB index is used to predict binding sites based on the likelihood of ligand binding for each protein concavity as evaluated from its amino acid composition. We also introduced a novel index which characterizes the binding site based on the concurrency rate of amino acids (Soga et al., 2008) and used this index to identify a specific concavity, known as a chemocavity, where a specific group of small molecules was extremely likely to bind. Our study showed that amino acid propensity and concurrency were essential characteristics in determining the interactions between a protein and a small molecule. These findings encouraged us to use these characteristics to analyze interactions between epitopes and antigen-binding sites of antibodies.
Here, we used a profile describing the propensity of each of 20 Â 20 standard amino acid pairs at the interface of an antigen -antibody interaction to develop a novel method of predicting epitope residues on the surface of proteins of antigens for an individual antibody.
Materials and methods

Data set
In October 2009, we extracted 200 X-ray structures of protein antigen -antibody complexes from the Protein Data Bank (PDB; Berman et al., 2000) . For the present study, proteins were defined as polypeptides more than 21 residues long. Protein structure data were obtained from the nonredundant PDB (http://www.ncbi.nlm.nih.gov/Structure/ VAST/nrpdb.html), maintained by the National Center for Biotechnology Information. A P-value of 10e27 was used to determine sequence similarity by BLAST (Altschul et al., 1990) . Complex structures containing homologous antigens defined above the threshold were classified into the same antigen -antibody structural groups. If multiple structures in the same structural group shared less than 50% epitope residues, they were further classified into different subgroups. To eliminate redundancy, the high-quality structures were selected using two criteria, the resolution limit of X-ray diffraction and the reliability index of R free . The former guarantees the quality of the experimental data and the latter the quality of refinement of the structure. Complex structures with the highest resolution were selected as representative of each subgroup. If there were multiple structures with the same resolution limit, the structure with the smallest R free was chosen as representative. Seventy-four non-redundant qualified antigen -antibody complex structures were selected (Table I) .
As reference for our analyses, we also constructed homoand heterodimer sets as follows. PDB entries containing only two chains of protein sequences were classified as homo-or heterodimers. For the present study, sequences with at least one differing residue were defined as heterodimers. The complex structure with the smallest resolution was selected as representative. If several structures had the same resolution, we selected that with the smallest R free as representative. We ultimately obtained 3601 and 649 non-redundant X-ray structures for homo-and heterodimers, respectively.
Interface residues
Surface atoms of a protein within 4.5 Å of those on the partner protein were defined as 'interface atoms', and residues which included at least one interface atom were defined as 'interface residues'. As a reference, residues on the protein surface which were not interface residues were defined as 'surface residues'. The surface atoms were identified using a probe sphere with a radius of 1.4 Å by the use of the software system MOE (Molecular Operating Environment, version 2007.0902, Chemical Computing Group, Quebec, Canada). If the probe came into contact with a non-hydrogen atom of the complex, the atom was regarded as a surface atom. The interface residues of antigens were defined as epitope residues, and those of antibodies as paratope residues.
Amino acid propensity
When the number of x-type amino acids at the epitope residues of all of the non-redundant antigen -antibody complex structures was n e (x), the occurrence rate of amino acid x of epitope residues, f e (x), was defined as:
When the number of x-type amino acids at the surface residues of all of the structures for the homo-and heterodimer sets was n s (x), the occurrence rate of amino acid x for the surface residues, f s (x), was defined as:
The log-odds ratio of f e (x) to f s (x) as amino acid propensity of the epitope was calculated as follows:
Using the occurrence rates of amino acid x in the paratope, f p (x), homodimer interface, f ho (x), and heterodimer interface, f he (x), the amino acid propensities of the paratope, p p (x), homodimer interface, p ho (x), and heterodimer interface, p he (x), were calculated similarly.
Occurrence rate of pair-residue sets
The interface residue of a protein and the nearest residue of its partner protein were defined together as a 'pair-residue set', and the occurrence rates of pair-residue sets at the epitope -paratope interface, f ep (x, y), were calculated. Here, 'x' and 'y' denote an epitope residue and a corresponding paratope residue, respectively.
The occurrence rate of amino acids at an epitope, f e (x), can be expressed using f ep (x, y) as:
where amino acid x denotes the epitope residue and amino acid y denotes the paratope residue for f ep (x, y) .
Similarly, we calculated the occurrence rate of pair-residue sets at the homo-, f ho (x, y), and heterodimer interfaces, f he (x, y). With regard to heterodimers, we conformed the occurrence rate of (x, y) to that of (y, x) by averaging.
Antibody-specific epitope propensity
Here, we introduced a weighted occurrence rate, f 0 e (x), for individual antibodies depending on the amino acid composition of the paratope. The value of f 0 e (x) can be calculated by the following equation:
where the weighting factor, n p (y), denotes the number of y-type amino acids in the paratope. Using this weighted occurrence rate of epitope amino acids, we calculated antibodyspecific epitope propensity (ASEP), p 0 e (x), as follows:
First step in epitope prediction
Our prediction method consists of two steps. Candidate epitope residues are first identified using a conventional epitope prediction method, and then narrowed down to predict final epitope residues. The first step was done with reference to the DiscoTope algorithm (Haste Andersen et al., 2006) , a method which incorporates amino acid propensity and the tertiary protein structure of antigens. However, we used the amino acid propensity index of p e (x) in place of DiscoTope's epitope propensity because the method with p e (x) was almost same or more efficient than the one with DiscoTope's epitope propensity (Supplementary materials, Supplementary data are available at PEDS online). The details of the DiscoTope algorithm are as follows: we first calculated the sequential average of the epitope propensity values with a window size of 9, and then summed up the averages for all residues with a-carbons within a 10-Å distance of each residue in the tertiary structure, a summation known as the structural proximity sum. We then calculated the prediction score by subtracting half of the contact number (number of a-carbons within 10 Å of the a-carbon of the residue) from the structural proximity sum for each residue. As the prediction score increases, the estimated likelihood of the candidate actually being an epitope increases. We then extracted epitope residue candidates with a prediction score above 27.7, the default value recommended by DiscoTope.
Second step in epitope prediction
ASEP index for a residue 'i' predicted in the first step is calculated by summing up the p 0 e (x) value of amino acids x whose a-carbons are located within 10 Å of the a-carbons of the residue 'i'. The ASEP index was defined as follows and employed in the second step.
ASEPðiÞ ¼ X 20 x¼1 p 0 e ðxÞc i ðxÞ ð 7Þ
Here, the c i (x) denotes the number of amino acid x. The higher the ASEP index of a residue, the higher is its epitope propensity. We predicted final epitope residues by eliminating candidate residues with ASEP indices in the bottom 10%, 20%, 30%, 40% or 50%.
Assessment of efficiency of the second step using the leave-one-out approach
We assessed the efficiency of the second step using the leave-one-out approach. Amino acid propensity of an epitope and ASEP data were prepared by leaving out each of the complexes in turn and using that antigen -antibody complex for validation. For each antigen in the data set, we examined the degree of enrichment with true positives. The positive predictive value (PPV) is the ratio of the number of true positive residues to that of predicted residues and is given as follows:
where TP denotes the number of true positives and FP the number of false positives. Using this formula, we compared the PPV of the second-step prediction (PPV step2 ) with that of the first-step prediction (PPV step1 ). For validation, we examined the enrichment effect in the second step by the following formula:
The positive value of DPPV step22step1 indicates the substantial enrichment in the second step. In addition, to demonstrate the statistical significance of the results, we tested the null hypothesis that the number of complexes with DPPV step22step1 . 0 produced by the random ranking method was the same as that produced by the ASEP index. Briefly, random ranking was performed with 10 000 iterations using the Fisher-Yates randomizing shuffle algorithm. For each iteration, we counted the number of complexes with DPPV step22step1 . 0 and generated a null distribution. From this distribution, we then computed P-value as a statistical significance.
Results and discussion
Amino acid propensity of epitopes
In our previous work, we determined amino acid PLB by comparing the amino acid composition of small ligand-binding sites and the general protein surface. These previous findings enabled the development of methods for predicting ligandbinding sites (Soga et al., 2007a,b) , a process which requires the comparison of binding site residues not with overall residues, but rather with surface residues only. Applying this idea to the present study, we calculated the amino acid propensities of epitopes and homo-and heterodimer interfaces ( Fig. 1a and Table 4S , Supplementary data are available at PEDS online).
Propensities of epitopes and paratopes were calculated for 74 antigen-antibody complexes. Propensities of homo-and heterodimers were closely similar: both preferred residues such as Phe, His, Trp, Tyr, Met, Leu, Gln and Arg, and avoided Lys, Asp, Glu, Asn, Thr, Gly, Val, Ala and Pro. Of particular note, the two sulfur-containing amino acids, Cys and Met, were more preferred by heterodimers than homodimers. 
Epitope prediction for individual antibodies
The propensities of amino acids identified here differed from those obtained by Jones and Thornton (1997) . One reason may be that Jones and Thornton compared the interface residue with all residues in a protein, whereas we compared the interface residue with the surface residues only. Additional causes may be differences in the data sets, and in details of the algorithms used.
The amino acid propensities of epitopes differed significantly from those of homo-and heterodimers. Small hydrophilic residues, such as Ser, Thr, Asn and Gln, were preferred, whereas small hydrophobic residues, such as Ala, Val, Leu and Ile, were not. Also interesting is that Trp, Tyr and His were preferred, whereas Phe was not. Arg, Lys and Asp were preferred, whereas Glu was not. These propensities are considered intrinsic characteristics of epitopes.
We also compared the amino acid propensities of paratopes with those of epitopes and homo-and heterodimer interfaces (Fig. 1b) . Paratopes had markedly different amino acid propensities, preferring Trp, Tyr, Asn and Ser.
Occurrence rate of amino acid pairs in pair-residue sets
Occurrence rates of the 20 Â 20 amino acid pairs in the pairresidue sets are shown in Fig. 2 . The occurrence rate of epitope -paratope interactions was determined from 74 antigen -antibody complexes. The profile of heterodimers ( Fig. 2b and Table 6S , Supplementary data are available at PEDS online) was similar to that of homodimers ( Fig. 2c and Table 7S , Supplementary data are available at PEDS online). Interestingly, aromatic residues were preferred as interface residues in epitopes, heterodimers and homodimers (Fig. 1) , whereas aromatic -aromatic interactions were less preferred in pair-residue sets. It is also noteworthy that interactions between small hydrophobic residues were highly frequent in the pair-residue sets of homodimer and heterodimer, even though small hydrophobic residues were less favorable as interface residues (Fig. 1) . These results indicate that preferences for amino acid pairs did not depend on the frequency at which the relevant amino acids appeared at the interfaces. Interactions between negative-and positivecharged residues were frequently observed in the pair-residue sets. In homodimer interfaces in particular, Arg -Arg interactions were frequently observed.
The profile of the occurrence rates of epitope-paratope interactions ( Fig. 2a and Table 5S , Supplementary data are available at PEDS online) differed markedly from those of other protein-protein interfaces. A strong preference for Tyr in paratopes was preserved in the pair-residue sets. Interestingly, however, interactions between Tyr in paratopes and His, Trp or Tyr in epitopes were less frequent, despite the status of these aromatic residues as preferred epitope residues. The interaction between Tyr in the paratope and Phe, however, was more frequently observed, although Phe was not preferred as an epitope residue. In addition, Asp was more frequently involved than Glu in interactions with Arg and Lys in epitope-paratope pairs. This preference was not observed in homo-and heterodimer interactions. These results indicate that epitope-paratope interactions require specific amino acid pairs.
Prediction of paratope-specific epitope residues
We predicted epitope residues for 74 antigens in two steps using the leave-one-out approach. ASEP indices were calculated for 4477 candidate residues in 74 antigens.
Results are given in Table II . The first column shows the lowest percentage which is eliminated and the next three columns show the number of antigens with DPPV step22step1 The first column shows the lowest percentage which was eliminated, and the next three columns show the number of cases with DPPV step22step1 greater than, less than or equal to zero, respectively. The last column shows P-values obtained with random permutation. *Statistically significant at P , 0.05. greater than, less than or equal to zero, respectively. Success rates were 66% and 54% following elimination of the bottom 10% and 50%, respectively, and the bottom 10% (P ¼ 0.0045) and 20% (P ¼ 0.0005) were found to be statistically significant. Several other cases also supported the conclusion that our method was more effective than the random method. These results clearly indicate that the ASEP index effectively eliminated false positives and enriched PPV.
Two typical examples of prediction
The following two examples illustrate the efficacy of the ASEP index in distinguishing true epitope residues from a pool of candidate epitope residues if the bottom 20% of candidates is eliminated. Unsuccessful examples are described in supplementary materials (Supplementary data are available at PEDS online). The first example is the complex between a mutant von Willebrand factor A1 domain and antibody NMC4 (PDB code: 1FNS). In the first step, 24 residues were predicted as candidate residues. Predicted and true epitope residues are compared in Fig. 3a and Table III , which also shows the ASEP index, the true epitope residue (answer) and the contact number for each candidate residue. In Fig. 3a , the backbone of the antigen is colored white and the antibody yellow. Residues predicted in the first step are depicted by a space filling model. The residues predicted using the ASEP index (top 80%) and those eliminated by the ASEP index (bottom 20%) are shown in blue and red, respectively. These results clearly demonstrate the ability of the ASEP index in predicting epitope.
The second example is a complex between the human factor VIII C2 domain and antibody BO2C11 (PDB code: 1IQD). In the first step, 42 residues were predicted. Residues predicted using the ASEP index (top 80%) and those eliminated using the index (bottom 20%) are colored in red and blue, respectively. Final results are shown in Fig. 3b and Table IV . These findings also clearly demonstrate the ability of the ASEP index to successfully enrich candidate residues by eliminating false-positive residues.
Conclusion
We developed a novel two-step method of predicting epitope residues using information on the amino acid composition of the paratope of an individual antibody. In the first step, candidate epitope residues were predicted by the conventional prediction method. In the second step, these candidate residues were narrowed down using the ASEP index, with assessments carried out using the leave-one-out approach. Success rates of 66% and 54% were achieved after elimination of the bottom 10% and 50% of residues, respectively. These results suggest that prediction by the present method in combination with suitable mutation experiments will greatly increase the success rate of epitope analysis. Prediction of paratopes is comparatively easy because these are generally composed of the solvent-exposed residues of the six CDRs, mainly CDR-H3. We recently developed methods for the structural classification of CDR-H3 and CDR-L3, the two most important CDRs for antigen binding (Chothia et al., 1989; Al-Lazikani et al., 1997; Kuroda et al., 2008 Kuroda et al., , 2009 . Given the efficacy of these methods for antibody modeling, we expect that the combined use of the ASEP index with these recent advances in antibody modeling will improve epitope analysis, allow rational antibody design using the antibody sequence, and eventually accelerate antibody drug development.
Supplementary data
Supplementary data are available at PEDS online
